This paper proposes an Object-Oriented Bayesian Network model to study oil spill mitigative measures using cost-effectiveness as a decision-making factor. The cost-effectiveness is defined as the ratio of dollar spent to the efficiency of oil removal in the spill area. The proposed model considers the complexity, lack of data, and uncertainties in an oil spill and response modelling scenario for Arctic shipping accident occurrence. The crude oil release, slick formation, weathering and transport, ecological impact, and response scenarios are modelled using Bayesian Network. Application of the model is demonstrated using a hypothetical scenario of an oil spill involving a ship in the Arctic region. The results show that a combination of in-situ burning, mechanical and manual recovery, and use of dispersants would cost the highest, while the use of in-situ burning, and dispersants gives the cheapest option. The study provides a deeper understanding of oil spill dynamics and effectiveness of the response techniques. The proposed model could serve as a useful tool for oil spill response decision-making.
Introduction
Increased shipping activities in the oceans have translated into a higher level of risk of an accidental oil spill. The risk is further increased in the Arctic regions owing to the seasonal presence of sea ice. The government of Canada recently released its Arctic policy framework which includes among other things the protection of the pristine environment (GC 2019) . Further, the rights holders in these regions also have an agreement as to the compensation regime of natural resource exploration and proceeds of activities like shipping (Anon 1993) . This is to make sure they benefit fully from the resources in this region and at the same time protecting the ecosystem. Some regions have been designated for further protection of its flora and fauna (OMJ 2019; Anon 1993) . Despite these efforts, the potential for an oil spill is inevitable and so the National Energy Board of Canada embarked on a review exercise of oil drilling activities in the Arctic (NEB 2011) . This was done through reviews of accidents from other jurisdictions and interviewing the rights holders about their opinions in this regard. In the review, oil spills in icecovered waters was identified as one of the potential consequences that needs to be addressed.
The uncertainties associated with the fate and transport of an oil spill, and extreme weather conditions are relatively high in the Arctic region. This is mainly because no significant oil spill has occurred in the Arctic region and so modeling such events become a challenge. Some of the major accidents in the marine environment with long-lasting effects are the Exxon Valdez oil spill in Alaska, and more recently, the Gulf of Mexico accident off the coast of the USA. Both accidents have negatively impacted the marine environment and affected the livelihood of people relying on the fishing industry. The Gulf of Mexico accident was deemed the costliest clean up in the oil industry to date (Wang et al. 2014) .
A significant oil spill in Arctic waters can cause socioeconomic losses and damage to cultural and ecological resources of countries sharing the waters. One of the key objectives after an oil spill is to minimize such losses by developing effective, safe, economical and environmentally effective response strategies. The lack of data for Arctic-related operations presents difficulties to predict the impact of a potential oil spill. This is made more difficult by the complexity of the processes involved in the accidental release of the oil (Rogowska and Namieśnik 2010; Lee et al. 2015; Afenyo et al. 2016) . Decisions about which mitigative measures to employ becomes even more challenging (Davidson et al. 2008) .
Four key events occur during and after an accidental release. They include the accident resulting in the release, subsequent formation of an oil slick, the transformation of oil through weathering and transport, and the impact on the marine environment (Afenyo et al. 2016) . Releases can occur during offshore oil and gas operations and also during shipping (Hassler 2011; Afenyo et al. 2016; Andersson et al. 2016) . Shipping accidents include grounding, collision, fire, explosion, and structural failure of a ship. The occurrence of any one of these accidents may result in the release of oil (Andersson et al. 2016) . The oil undergoes a series of weathering and transport processes. These processes include spreading, evaporation, emulsification, dispersion, biodegradation, photo-oxidation, encapsulation, and decapsulation (Davidson et al. 2008; Lee et al. 2015; Afenyo et al. 2016) . The widely used indicator of the subsequent effects during and after the occurrence of these processes is the concentration of the oil in the marine environment. The bioavailability of the oil and the higher levels of its concentration could potentially distort the biological functioning of the species in the affected area . The oil spill effects could be evaluated from economic, social, environmental, and cultural perspectives (Afenyo et al. 2017 (Afenyo et al. , 2019 . The socio-cultural perspectives associated with the spill are acknowledged but not considered in this research as they are out of the scope of this study.
The risk of an oil spill has two key components: i) probability of the occurrence of the spill and ii) the associated consequences. Most studies have focused on studying each component individually, and limited work has been done considering them together as risk in oil spill modelling. The probability component entails the rate, causes, strategies, and prevention, while the consequence includes the fate, transport and ecological effects (Fingas 2015; Afenyo et al. 2017) . The environmental and socio-economic impact of an oil spill is dependent on the location of the spill, the type of oil spilled, the time of year that the spill occurred, and the quantity of oil spilled (Afenyo et al. 2019) . Another important factor is the source of the spill. The source influences the quantity of oil spilled. For example, a large oil carrying vessel has the potential to spill more oil than a smaller vessel. A spill from a pipeline, for example, depends on the diameter of the pipe (Fingas 2015; Andersson et al. 2016) .
Conventionally, contingency planners and managers have been using net environmental benefit analysis (NEBA) to select and execute the most appropriate techniques to effectively respond to the adverse impacts of hydrocarbon spills (Anon 2017) . The processes of NEBA (also known as Spill Impact Mitigation Assessment (SIMA)) has evolved over time, yet the strategical outcomes have remained similar. A study on spill impact mitigation and spill response in the Arctic environment shows that the selection of an appropriate technique to respond to spilled oil depends on various factors, such as the spilled-oil data, the behaviour of marine species exposed, and the effectiveness of the recovery efforts (Robinson et al. 2017) . Techniques, such as SIMA and other similar comparative risk assessment tools, provide a systematic approach to compare the environmental consequences of various response alternatives. Such techniques have been limited in scope due to data scarcity and insufficient information for decision-making. Recently, with the evaluation of Arctic shipping routes and oil and gas development, attempts have been made to identify the many risks in the region (Yang et al. 2013; Sulistiyono et al. 2015; Herath et al. 2016) . A further study and evaluation of such risk factors can help to develop a robust oil spill response system. This research enables decision makers to adopt clean spill methodologies considering the cost of the cleanup operations. To reduce the effects, recovery measures are implemented. These may include the use of dispersants, in-situ burning, mechanical recovery, and manual recovery (Davidson et al. 2008) . For response and contingency planning of oil spill incidents, decisions must be made on the appropriate methods to employ considering cost and effectiveness (Etkin 2000) .
Literature review
Although the data on oil spill recovery techniques in the Arctic is sparse, some studies and experimental work were accomplished in recent years. A joint industry programme was instituted and managed by the International Association of Oil and Gas Producers. Studies and experimental validation of the use of in-situ burning and mechanical recovery techniques were tested in open water and ice-covered waters. Field trials of the techniques demonstrated that in-situ burning and mechanical recovery techniques could be used to remove surface oil in ice-covered waters, although varied and additional safety measures were employed in the operations (Buist et al. 2013; ART 2015) . To adequately address the consequences of oil spills, preparedness and contingency planning are required. This exercise must take place before any potential spill occurs. It means that there are uncertainties around what to expect and what methods would best mitigate the effects (Davidson et al. 2008) . While previous occurrences may be instructive to prepare for such events, the Arctic, fortunately, lacks such events. Recently, researchers have proposed the use of probabilistic based approaches to address such environmental related problems (Carriger and Barron 2011; Helle et al. 2015; Lehikoinen et al. 2015; Carriger et al. 2016) . They argue that these methods could be advantageous in addressing such scenarios. Even though theories and models exist to address such problems, still, implementation is a challenge due to inherent uncertainties owing to factors alluded to earlier..
The literature contains studies focussed on the derivation of a cost function for evaluating the associated impact of implementing potential mitigative measures during and after a spill (Fingas 2015) . These studies used cost functions to achieve this goal. Other studies have proposed a methodology for developing a Bayesian Network (BN) for an oil spill incident (Davies and Hope 2015). Different researchers have made a case for the underutilization of the BN for decision making in environmental related problems.
Further, Helle and colleagues developed a Bayesian Network for cost-benefit analysis that was applied to the Gulf of Finland (Helle et al. 2015) . Some researchers also presented a study that seeks to assess management actions using a BN based meta-model when two ships collide (Lehikoinen et al. 2015) . A related study developed an influence diagram for evaluating response options for the Deepwater Horizon oil spill disaster using a hypothetical scenario (Carriger et al. 2016) . In another study, the authors argued that, unlike normal weight of evidence tools, the BN has minimum bias (Carriger and Barron 2011) . The authors presented the advantages of the BN tool in environmental risk analysis and subsequently in decision making. Juntunen et al. (2005) introduced a BN based tool to analyze various user defined scenarios for open waters and coastal regions and suggest adequate oil spill combating techniques. The best combating techniques were those that predicted least mortality of various sentinel species and their high recolonization capacity. Montewka et al. (2013) developed a BN model estimating the oil spill clean up costs in the Gulf of Finland. The study detailed various environmental factors affecting the oil removal operations and also detailed the impacts of various oil types and their influence on the removal techniques. A causal network, i.e., BN was developed and the cost of clean up leading from various scenarios was assessed. However, only two removal technique were used in the model, namely, mechanical recovery and manual recovery techniques. Other techniques such as the use of dispersants, in-situ burning and natural attenuation were not considered.
Despite progress regarding the use of BN in oil spill analysis, none has attempted to evaluate the mitigative measures in a detailed probabilistic way. A probabilistic framework is essential because most parameters in an oil spill and subsequent recovery and remediation are probabilistic in nature. This means that we do not know what to expect regarding the level of impact when the spill happens and how effective the recovery techniques could be. Bayesian statistics has a framework for incorporating subjective knowledge not represented by data (Contreras et al. 2018) . In this study, an Object-Oriented Bayesian Network (OOBN) is used to model the key parameters during and after an oil spill. This approach addresses the complexity of the problem, the interdependency of the processes, the increase in the number of parameters, and associated uncertainties.
A cost-benefit analyses are commonly used when making decisions about various spill control options in open waters. However, no such attempt is made for the Arctic shipping scenarios. The current research adopts a holistic approach and develops a Bayesian model considering the cause of the accidents and environmental factors affecting the fate and transport of the oil spill for extreme weather conditions. Subsequently, using the data of the cost of the operations and efficiency of the cleanup operations, a dollar value is attributed to the various cleanup methods, thereby enabling the decision maker to adopt the best approach. This tool can be used by the decisions makers in the spill clean up operations to select optimum clean up techniques or their combinations thus resulting in effective spill clean up. It should be noted that the method is still exploratory and will be improved in the future.
The rest of the paper is organized as follows. Section 2 reviews the OOBN, while Section 3 describes the OOBN methodology developed for oil spill management and illustrates its use through a hypothetical case study. Section 4 presents the model, and Sections 5 contains the results and discussions. Section 6 presents the conclusion of the paper.
Object-oriented Bayesian network
As the number of variables increases, it becomes increasingly difficult to represent an oil spill problem with a BN. The complexity and the size also present challenges during analysis (Liu et al. 2016) . In this paper, the OOBN is used to address this issue. The OOBN is made up of subnets of BNs. The Bayesian Network is a probabilistic network depicted in a graphical form. In its simplest form, it is made up of nodes and links. The links connect the nodes. These together form a Directed Acyclic Graph. The nodes and links are operationalized by the Conditional Probability Table ( CPT). Figure 1 shows a simple BN. A, B, and C are the nodes and can take on discrete or continuous variables. The arrows are the links (Nielsen and Jensen 2009; Liu et al. 2016) .
The fundamental theory underlining the Bayesian Network is the Bayes theorem, which is represented by Eq. 1 (Benjamin-Fink and Reilly 2017).
Where φ and k are events,p(φ) is the prior probability, p(φ| k)
is the posterior probability, and p kjφ ð Þ p k ð Þ is the likelihood ratio. The OOBN is a higher-level probabilistic modelling approach. It is one of the many approaches that have the BN as its basic component. In the case of the OOBN, the BN feeds into a more complex system of the network.
Due to its unique properties, the OOBN serves as an appropriate tool for breaking down complex scenarios into simplified forms. This is mainly due to the capacity to depict events in a hierarchy (Liu et al. 2016) . The terminology for the separate BNs is a class. An object is obtained when such individual classes are instantiated. The so-called object may take many forms. This includes a node (variable), and an instantiation of the class of a particular network.
In summary, the OOBN is the representation of a particular scenario in a hierarchy (Nielsen and Jensen 2009; Khan et al. 2018) . Further, because the OOBN can also depict problems simply through the interaction of variables, visualization and detail evaluation become easier as well. The OOBN also possesses the ability to encapsulate. This happens via the interface node. This property is essential as most variables can be hidden while performing evaluation (Nielsen and Jensen 2009; Khakzad et al. 2013; Liu et al. 2016) . Another fundamental property of the OOBN is an abstraction. This property allows unnecessary details to be overlooked while projecting embedded commonalities. This phenomenon is analogous to "information hiding" (Nielsen and Jensen 2009) . Figure 3 further illustrates the ability to represent a complex problem in a simple way using instant nodes. Important things to consider when using OOBN are the following: i) in the class, input nodes must be without parents; ii) internal nodes must not have parents or children; iii) an output node must not have a child in the class (Liu et al. 2016) . Figure 2 is a simple illustration of an OOBN. Instant nodes are depicted as squares and are made up of input and output interfaces. Figure 2 shows evaporation and spreading processes. These are weathering and transport processes respectively. They are represented through instant nodes. Each of the instant nodes is a BN, one modelling evaporation and the other spreading of oil. The outputs are the rate of evaporation and the rate of spreading of oil. This information is transferred to inform the rate of oil transformation of the slick. Each instant node could be collapsed and expanded. Figure 3 is an illustration of a simplified subnetwork for an accidental release of oil. The corresponding instant node is shown alongside. Only the output and input nodes are shown in the instant node. In the illustration, accident type (e.g. grounding and collision) are the input nodes. The hole size and quantity of oil released are the output nodes. Any other nodes are hidden in the instant node. It should be noted that Fig. 3 is only for illustration purposes and should not be confused with the work presented later in the text. The methodology to develop the OOBN model
To address the problem presented in Section 1, a step by step methodology is proposed in this section through the analysis of the accident scenario in the next section. Please see Fig. 4 for the steps to follow in the development of the model.
Accident scenario
To illustrate the proposed methodology, a hypothetical case of an oil spill involving a ship sailing in Arctic waters is described. The case forms the basis for the development of the OOBN and the sub models. The characteristics of the scenario are taken from the literature (Gill et al. 2012; Sylves and Comfort 2012) . The Hugin Expert 8.0 is used for the OOBN development and simulation. It is assumed that a vessel going through the Arctic carrying crude oil is involved in an accident. The accident caused damage to the vessel, and it resulted in the release of large quantities of crude oil. The released oil could cause adverse environmental effects. These effects were made worse because of the following reasons: i) response came too late, and the wrong mitigative measures were employed, ii) dispersants were inadequate and booms were not available, and iii) the capability of the relevant government agencies to handle the situation was limited. This is potentially one of the worst-case scenarios to experience during an accidental release.
The details of the procedure are shown in Fig. 4 . The first step involves the development of a conceptual framework involving a potential solution to the oil spill problem. This is key to making sure the methodology is successful. Please refer to the Fig. 4 for the rest of the steps.
The general framework for key stages of the accidental release of oil is captured in Fig. 5 . Figure 5 also includes potential solutions at different stages during and after an accidental release.
Once the framework is obtained, each causative factor is investigated. With the causative factors known, it is important then to identify the dependencies and subsequently obtain the BN for that stage. The network is developed by experts' judgement. Experts in this case are group of researchers working on offshore oil and gas industry issues, under the supervision of senior university professors.
The next step is to identify the input and output nodes. This is followed by creating instant nodes linking each of Fig. 4 Step-by-step procedure to develop and analyze OOBN for oil spill modelling the subnetworks, thereby producing an OOBN. This step is particularly important to take care of the complexity and interrelation of individual BNs. It seeks to make it easy to work on individual networks in the bigger OOBN, as each of the subnetworks could be collapsed for analysis and updating. Once the OOBN is ready, various inferences are made for decision making. In this step, the analysis is carried out to identify the best combinations of response measures to use for cost and operational effectiveness. To make a decision, the suitability, effectiveness, and cost are taken into consideration in a probabilistic framework. Figure 5 shows the introduction of the cost-effectiveness criteria, which seeks to select the optimum mitigative measure.
Types of variables
The ultimate goal of this study is to estimate the costeffectiveness (dollar per percentage of mitigation technique effectiveness) of the oil spill. The decision nodes are the mitigative measures in place, which includes in-situ burning, mechanical recovery, use of dispersants, manual recovery, and natural recovery. The chance nodes (variables) are dependent and independent in nature. The independent nodes do not rely on other variables within the network. The possibility of accidental oil discharge in restricted waters like straits, and water canals broken by icebreakers are not considered in this study.
Conditional probability table (CPT)
Without the CPT, the model would not be operational. The CPT enables the establishment of links between the independent and dependent variables. In the proposed model, the CPTs were developed based on expert elicitation. The approach adopted in this paper is solely for illustration purposes. Readers may refer to work published on expert elicitation technique (O'Hagan et al. 2006 ). Details of CPTs developed for this study are presented in data-in-brief. It is worth mentioning here that CPTs may not be reliable ones, however, they serve the purpose to demonstrate the methodology proposed in this study. Also owing to the size of the CPT, it has not been included in the text. Readers may request details from authors. The Fig. 6 shows the approach used to develop the CPT. 
Sources of data
Data sources for the illustration of the methodology were mainly from publications; in cases where data was not available, experts' opinions were used. A more comprehensive application of the model would require the collection of data from the relevant institutions. It should also be noted that apart from the utility node, the rest of the nodes took discrete probability values. The next section will focus on presenting the data used in the proposed model. To demonstrate the operationalization of the model, the following data were used for illustrative purposes. The utility node was coded using information on average cleanup cost and effectiveness for the different mitigative measures from literature (Etkin 1999; Al-Majed et al. 2012) . The clean up strategies (and their effectiveness) used in this study were manual recovery (5%), mechanical (15%), dispersants (85%), in-situ burning (94%) and natural cleansing (90%), having average clean up cost of (year 2018) US $ 21,030, $8640, $5060, $2810 and $1150 respectively (Etkin 1999; Al-Majed et al. 2012) . The data of effectiveness of clean up strategies and cost of operations used for the utility node are modelled in @RISK software. The Software uses Monte-Carlo simulations for the analysis of the cost effectiveness. A normal distribution is attributed to each of the data point with the above-mentioned data as mean of the data. The cumulative distribution function (CDF) for the cost effectiveness is presented in section 4 of data-in-brief document. Each network has conditional probability tables and prior probability tables. The prior probabilities used for the networks are presented in data-in-brief. A more comprehensive study would use local meteorological data for the region of the study. The purpose of the illustration was to demonstrate how the model works. The accident data is estimated with a guide from studies in the literature (Fingas 2015) . Probabilities of the rest of variables and CPTs are presented in data-in-brief. Cost effectiveness was used in the analysis. It is calculated as below;
The aim of using such an approach in the model was to find out which response measure is best in terms of cost and effectiveness. The limitation of this study is that there is no way to determine the difference between cost and effectiveness owing to the different units of measurements. Nonetheless, the cost-effectiveness has been used extensively in other fields such as health (Ryder et al. 2009 ). The combinations of response techniques were used for analysis, and the combination of the optimum recovery methods is reported. Fig. 6 The approach used to develop CPTs Fig. 7 The OOBN for the various processes incorporated comprehensively for oil release impact due to a shipping accident. The breakdowns are shown in the subsequent figures Fig. 8 BN for release scenario Saf. Extreme Environ.
The model results
In this section, the resultant model and analysis are presented and discussed. The OOBN is described regarding the various nodes that have been used in the construction of the model. A description of the different nodes in the context of the model developed for the scenario is also presented. The nodes used include the chance nodes, decision nodes, and utility nodes. Figure 7 is the resultant OOBN for release, slick formation, weathering, impact and response to an oil spill for an Arctic shipping accident scenario. Figures 8, 9 , 10, and 11 represent the results of the other components that complement Fig. 7.  Figures 8, 9 , 10, and 11 are described in detail later. The utility node is shown in the sub model for response to the oil spill (Fig. 12) . The knowledge base for the development of interactions between the chosen variables is based on literature and interaction with experts. Figures 7 and 12 have been used in the book chapter written by Afenyo et al. (2020) .
The logic of the model is that, when the spill occurs, there is a release, and the oil slick undergoes weathering and transport processes. This subsequently results in an adverse effect on the species in the area affected. This calls for a response to mitigate the spill. Figure 8 is the resultant subnetwork for the release scenario. Figure 8 shows the various risk factors that could affect the release of the oil. It shows that once a ship accident occurs in the Arctic, the size of the hole and location of hole through which oil spills occured and the quantity of spilled oil would affect the release rate. Figure 9 shows the Bayesian subnetwork for the formation of the oil slick. Referring to Fig. 8 , once an accident occurs, oil release takes place, and there is the formation of the oil slick, Fig. 9 shows various risk factors behind the formation of the oil slick. The Figure indicates that oil slick formation is the result of environmental factors such as ocean current, the prevailing temperature, and wind speed. Figure 9 further captures other factors that contribute to the formation of the oil slick.
The results of the Bayesian subnetwork for weathering and transport of the oil are shown in Fig. 10 . The results describe the processes that take place to transform the oil slick into different forms.
As highlighted in the accident scenario, the response activities started late. Therefore, there are many factors that affect the concentration of spilled oil. One of these factors is evaporation. As shown in Fig. 10 , evaporation enables the lighter components of oil to escape into the atmosphere. It also depicts other risk factors, such as dispersion of oil, biodegradation, decapsulation, dissolution and emulsification. The Bayesian subnetworks for weathering and transport show that when an oil slick forms it could adopt four paths as shown in Fig. 10 and those are on the water, in the lower water column, in ice, and under the ice. On the water, oil slick would be affected by the evaporation of oil and its spreading. Once an oil slick is formed in lower water columns, it would be transported due to dispersion and dissolution. The network shows that the oil slick formed in lower water columns could be decomposed by microbes present. This is the process of biodegradation. The model also indicates that an oil slick in ice would affect the biodegradation process. While in ice and under ice, it may become encapsulated and the oil slick transported. Further, the process of dispersion is mainly affected by the wind and waves. Dispersion is a crucial process for determining the concentration of oil in the water column. Sunlight creates a good environment for the process of photo-oxidation, while the type of oil is a determinant of the process of emulsification, which produces mousse.
The results of the Bayesian subnetwork for ecological impact are shown in Fig. 11 . It describes the ecological impact of the released oil on marine species. The BN depicts the effects on the reproductive cycle as well as migration. The network shows that spilled oil will cause the death of species, distortion of the reproductive cycle of species and species migration. All these risk factors would lead to ecological impacts.
The Bayesian subnetwork for oil spill response is shown in Fig. 12 . It shows five measures that could be used to mitigate the impact on the environment and those are: in situ burning, mechanical recovery, use of dispersants, natural cleansing, and manual recovery.
In-situ burning is one of the few response methods that are effective in ice-covered waters. Active burning is achieved with thick slicks. Thin slicks usually present challenges for burning. One of the challenges for in-situ burning is the environmental implications. The release from burning the oil slick pollutes the environment (Hoang et al. 2018) . Mechanical recovery entails the use of skims, booms, and barriers for oil recovery. Dispersants are chemicals that break down the oil slick for dispersion (Li et al. 2016; Wilkinson et al. 2017) . Dispersant use is effective in both open and ice-covered waters. In natural cleansing, the oil spill is left to disperse naturally, and it breaks down through natural means through mechanisms such as high winds, currents, and wave actions. This technique is only useful when there is no possibility that oil will pollute coastal regions (Fingas, 2015) . Manual recovery methods include people using different 
Discussions
The results of the cost-effectiveness simulation are shown in Table 1 . It should be noted that in order to take care of the uncertainties for the inputs for the cost effectiveness. Distributions have been used instead of deterministic values. Therefore an illustration is shown in Fig. 13 for insitu burning. The results in Table 1 show that the highest ratio of cost to the effectiveness of response measure is obtained when in-situ burning, use of dispersants, mechanical recovery, and manual recovery are combined. The next highest combination of techniques includes the use of dispersants, mechanical recovery, and manual recovery. The third highest ratio is obtained for the combination of in-situ burning, mechanical recovery, and manual recovery. This is followed by the combination of mechanical recovery and manual recovery. The lowest value of cost to effectiveness ratio is obtained for the use of dispersants only, followed by in-situ burning and dispersant combination. It should be noted that dispersant use alone gives the lowest value, but this may not always be the case. The best solution is likely to change for different jurisdictions with different data. Also, natural attenuation results have not been included.
The dispersant use and in-situ burning methods have strong regulatory restrictions due to environmental implications. Compared to other mitigative measures, dispersant use, if permitted by law in a particular jurisdiction, is less costly and more effective. This is because few people need to be deployed to apply dispersants. A similar argument holds for in situ burning. It is often resisted because of the associated air pollution. The seasons may also determine the effectiveness of the measures. This has not been considered in the evaluation of the response measures.
Manual recovery in ice-covered water may not be a good option. This is because of the harsh nature of the environment and limited effectiveness that manual recovery offers. Mechanical recovery is costly. The results from this study show that the OOBN is a useful tool to address oil spill management problem. The proposed model is unique as it creates the possibility of considering different scenarios and evaluating options based on those scenarios. A customized study of a specific Arctic jurisdiction will further enhance the effectiveness of the proposed model. Mechanical recovery and manual recovery 3838 In-situ burning, dispersants and mechanical recovery 542 In-situ burning, dispersants and manual recovery 3404 In-situ burning, mechanical recovery and manual recovery 3851 Dispersants, mechanical recovery and manual recovery 3879 In-situ burning, dispersants, mechanical recovery and manual recovery 3904 Fig. 13 Sample input of the insitu-burning method for cost effectiveness
Conclusions
In this paper, the development of an oil spill response model is explored. It was developed to address the complexity, dependency, and identify the many risk factors that interact during and after an oil spill in ice-covered waters. These were addressed by developing the OOBN. The model relies on the critical properties of the OOBN, which include the ability to combine numerous networks into a simpler network. The model in its current state depends on data from literature and experts' opinion. It is generic and needs to be adapted to specific jurisdictions. Thus, some factors may not be relevant while additional risk factors can be added. The model is meant to predict the likelihood of the conditions after an oil spill. The incorporation of the utility and decision nodes enables the evaluation of the effectiveness of the potential mitigative measures to be evaluated. The analysis shows that the combination of in-situ burning, use of dispersants, mechanical recovery, and manual recovery, has the highest cost to effectiveness ratio. The lowest ratio is obtained for a combination of in-situ burning and dispersants to remove spilled-oil. This is likely to change when different oil types and weather conditions are considered.
The conditional probability tables could also be improved by conducting a detailed survey to collect data. The model presented employed deterministic values for the cost. This can be improved by introducing cost functions or ranges and distributions. The focus of this study has been on cleanup cost and environmental damage in Arctic waters. Values used were mainly those available for open water. Cost functions specifically for icecovered waters would be beneficial as the conditions contributing to costs keep evolving.
